In the context of wireless sensor networks, energy prediction models are increasingly useful tools that can facilitate the power management of the wireless sensor network (WSN) nodes. However, most of the existing models suffer from the so-called fixed weighting parameter, which limits their applicability when it comes to, e.g., solar energy harvesters with varying characteristics. Thus, in this article we propose the Adaptive LINE-P (all cases) model that calculates adaptive weighting parameters based on the stored energy profiles. Furthermore, we also present a profile compression method to reduce the memory requirements. To determine the performance of our proposed model, we have used real data for the solar and wind energy profiles. The simulation results show that our model achieves 90-94% accuracy and that the compressed method reduces memory overheads by 50% as compared to state-of-the-art models.
Introduction

Energy Harvesting and Prediction Models
Energy harvesting (EH) is a promising technology that became a hot topic in the scientific community during the last few decades; however, EH is still a least explored area, especially at the micro and nano power levels. In particular, EH at the micro level is quite useful to power ultra-low-power sensor nodes. EH introduces various paths of research for prolonging the lifespan of wireless sensor network (WSN) nodes, either as an energy harvester with buffered energy storage (e.g., battery or super-capacitor) or directly (e.g., without energy storage) for autonomous devices. Several EH approaches, presented in the literature, exploit solar, wind, or thermal energy.
EH is a good alternative solution for those applications that are implemented once and become operational for longer periods; examples include environmental monitoring, structural monitoring, etc. Furthermore, WSN applications can benefit from EH to extend the life of the node or network [1] . Generally, numerous methods associated with EH have been discussed in the literature. These include energy-aware protocols, duty cycle management, task scheduling, transient computing (TC) in stand-alone mode (which performs transmission when the energy is available with or without any power source battery), data prediction [2] , as well as mobility, which can reduce the power consumption if mobility incurs low overheads [3] .
According to the literature, EP plays an important role for EH in the context of WSNs. Energy prediction for non-controllable energy source seeks to provide information about the upcoming available energy based on past records (profiles) and/or current values. EP mechanisms increase the system's efficiency [4] because they enable more careful utilization of the available energy as well as the dynamic execution of tasks depending upon the estimation of the energy available in the next time slots. Given the importance of EP, it is necessary to propose accurate sets of energy prediction models in order to increase the performance and other important processes for better quality of service.
In this article, we first briefly recall the limitations of most existing EP models due to the fixed-weighting parameter issue; thereafter, we suggest a solution with an adaptive weighting factor based on the energy profiles. In [5] , we discussed how most of the energy prediction models such as EWMA, WCMA, ASEA, PRO-Energy, QL-SEP, and LINE-P (all cases) are dependent on a fixed weighting parameter; however, these solutions are not always suitable for real implementations with many various types (and hence characteristics) of e.g., solar energy harvesters.
In addition, the proposed Adaptive LINE-P (all cases) model estimates the energy over three different time periods, namely shorter, medium, and longer, and uses variable-length timeslots. The proposed prediction model improves the prediction accuracy and minimizes the error between the harvested energy and stored profiles. Furthermore, in this article we propose a compression method that reduces the size of the stored energy profiles by 50% in order to reduce memory overheads.
Contribution
Our contribution can be summarized as follows:
•
We propose and evaluate enhancements to the existing LINE-P (all cases) model; we name the resulting new model "Adaptive LINE-P (all cases)"; namely,
• we propose an adaptive parameter to address the fixed weighting parameter issue that is found in most existing energy prediction models, specifically when targeting solar energy harvesters; • we propose a profile compression technique that can be integrated in any energy prediction model.
• Our results show that the proposed enhancements achieve up to 98% accuracy (non-compressed profile) and up to 90% accuracy but with a 50% reduction of the memory requirements when using the compressed profile method, as compared to the state of the art.
The rest of the article is formulated as follows. Related work is presented in Section 2. The proposed Adaptive LINE-P (all cases) is detailed in Section 3. The comparative performance evaluation of the models is discussed in Section 4. Finally, we briefly conclude in Section 5.
Materials and Methods
Here, we discuss the state of the art regarding the fixed kernel parameter issue, variable length time slots, and dynamic or adaptive energy prediction models related to the domain of WSNs.
Non-Adaptive Energy Prediction Models
In [5] the authors presented three cases of LINE-P (linear energy prediction model) that are based on the sampling and approximation theory. The authors showed that LINE-P (all cases) is more accurate, has a lower complexity, and is energy-efficient in terms of computation as compared to other non-adaptive EP models. However, the above comparison did not include the latest extensions, namely Pro Energy VLT and IPro-Energy. Thus, in this sub-section we first briefly introduce LINE-P and then discuss Pro Energy VLT and IPro Energy.
LINE-P
We first briefly introduce LINE-P. The detailed mathematical derivations can be found in [5] .
Linear Energy Prediction LINE-P (Case I)
The main aim when designing LINE-P was to minimize the computational complexity while maintaining similar accuracy to other models.
If we have the samples f l (l = 1, . . . , k) from k previous days, we utilize this information as the basis for EP. Here, vector b defines a symmetric kernel and the parameter vector a, where a k = 0 for k ≤ 0, generates a one-sided kernel with the correspondent sampling operator:
where the correction term CDIF PREDI;b in Equation (1) is given as
with the multiplier CT PREDI;b defined as:
Equation (1) is used to estimate the energy based on the next time slot, specifically for LINE-P (Case I), and Equations (2) and (3) are the substitution factors of Equation (1).
Linear Energy Prediction LINE-P (Case II)
In this case, we proposed a model that performs energy estimation with only n previous samples from the same day. This case is dependent on only one variable, i.e., a:
Linear Energy Prediction LINE-P (Case III) The third case is similar to Case I; the only difference is in CT PREDI I I;b as shown in Equation (7).
where the correction term CDIF PREDI I I;b:l is in Equation (6),
with the multiplier CT PREDI I I;b
We select, from the k previous days, day l for which the absolute value of the correction term CDIF PREDI I I;b;l is minimal and consider the values f l from that day.
Pro-Energy-VLT
In this subsection, Pro-Energy-VLT is discussed. In [6] , the authors presented Pro-Energy with variable-length timeslots (Pro-Energy-VLT), based on the Pro-Energy model. In particular, the author proposed a perceptually important point (PIP) technique to calculate the variable size timeslots such as 30, 60, and 90 min [6] , as compared to their original design, which was fixed to 30-min data intervals [6] . The authors revealed that Pro-energy-VLT increases the prediction accuracy while reducing the memory and the energy overhead of energy forecasting [6] . However, the authors used two fixed weighting factors α and γ in their algorithms to estimate energy for the next time slot over short and medium data intervals. As mentioned earlier, such a fixed tuning parameter is not compatible with various solar energy harvesters with different characteristics.
IPro-Energy
We now discuss IPro-Energy, which is also based on the Pro-Energy model. In [7] , the authors of IPro-energy highlighted its two main features. Firstly, IPro-Energy uses a weighted profile (WP) technique to compensate for inconsistency in the weather behavior. Secondly, the authors showed that the model has a low complexity in terms of execution time, and low requirements in terms of storage data. We have conducted a simulation test of IPro-energy and compared its results with Pro-Energy; we found that, indeed, IPro-Energy yields better results than Pro-Energy, as shown in Figure 1 . In order to quantify the prediction error, we have used two classical measures, namely MAE (mean absolute error) and MSE (mean square error), as shown in Table 1 . Although the results yielded by IPro-Energy are better than those of Pro-Energy, the former relies on a more complex model and the execution times are much higher than those of Pro-Energy. This is because both the basic Pro-Energy model and the new features of IPro-Energy have to be executed. In particular, IPro-Energy introduces an additional weighting factor, W f , which lies at [0, 1]. Thereafter, based on W f and the r weighting factor (which has a 0.5 fixed value), the authors calculated the smarting factor (S) in Equation (8) . Then, for predicting the energy based on the next timeslots, Equation (8) is inserted into Equation (9):
The expected energy is denoted by C t+i for the timeslot t+i of the current day,
where WP is expressed as a combination of the previously observed most similar days. Apart from the fixed parameter weighting factor-based models, there are several ANN-based algorithms available in the literature that estimate the energy based on a short-term energy prediction. In [8] , the authors proposed a method for an adaptive neural network model. They used sliding window training with window sizes of three, four, and five months' data. In particular, their simulation results show that the five-month window size was the best simulation. In addition, they show that it is good to have a larger window size for training purposes as fewer data decreases the prediction quality. However, even a window size of three months of data would be too big for the microcontroller's (MSP430FR5739 and MSP430G2) memory targeted in our work and in [9] it was concluded that such ANN-based models are not adaptive and not more reliable than EWMA and WCMA algorithms.
There are others approaches to reducing the energy consumption and management in WSNs that work by estimating the energy, i.e., route selection schemes [9] and adaptive duty cycling [10] . Furthermore, in [11] the authors investigate the distributed sampling rate adaptation method in the multi-sensor implemented wireless devices to assign data capturing tasks among them based on the remaining energy network participation and correlations. In addition, they proposed effective mechanisms to utilize the ability of wireless devices to monitor a few selected points in a certain area. In [12] , the authors present joint channel selection and routing schemes for multi-channel WSNs that apply duty cycling to sustain energy. The experimental tests and simulation show that the proposed schemes reduce overhearing by approximately 60% with two channels without affecting network performance. Furthermore, the researchers exploited some other techniques for minimizing energy consumption, for instance data compression and source coding [13] , transmitting power control and distributed sampling rate adaptation for WSNs [14] .
In the following, we discuss adaptive parameter weighting factor-based models for solar energy harvesting in the context of WSNs.
Adaptive Energy Prediction Model
In this section we discuss UD-WCMA, the only dynamic or adaptive weighting factor-based EP model that aims at better tracking variations in the generated energy (due to, e.g., weather conditions).
UD-WCMA [15] is developed based on the WCMA structure; it introduces a time-varying weighting parameter G 1 (n + 1). This gain is adapted depending on the variations in the reference profiles stored in the memory. In addition, the energy prediction is ensured by combining the information collected from the last observations θ(n) with the mean value µ d (n + 1) of the harvested energy from the stored profiles.
Mathematical expression of the dynamic schemes in the UD-WCMA prediction model is as follows:
where
In Equation (10) σ represents the standard deviation of the irradiance levels of the stored profiles at time n + 1 with respect to the mean value. Subsequently, σ 1 is also a standard deviation that indicates the energy variation in the stored profiles between the time slots n and n + 1. They are defined, for i = {1, . . . , d}, by:
and
In order to further increase the accuracy and robustness of the model, especially for dealing with inconsistent weather, the author in [15] proposed replacing the last observation θ(n) with a weighted linear combination of the last observation and the closest energy pattern in memory denoted by x i (n + 1). Moreover, the linear combination is weighted by an adaptive factor G(n + 1) depending on the variation of the current day measurements, as follows: (16) where
In Equation (18), σ 2 (n + 1) represents the standard deviation of the variations in the solar irradiance measurement vector θ between continuous time steps along a window of size K. Consequently, the vector of consecutive variations defined by ∆ 2 (n + 1) is given by:
Thus, the corresponding mean and standard deviation are defined by:
Proposed Multi-Source Adaptive Linear Energy Prediction Model (Adaptive LINE-P)
As described above, LINE-P is designed and developed based on sampling theory and approximation; we propose a novel adaptive linear energy prediction model (named Adaptive LINE-P), of which the main purpose is to add adaptive weighting to LINE-P. Rather than using a fixed weighting parameter, which makes it difficult to reflect the different properties of energy harvesters such as solar-based ones, Adaptive LINE-P is based on energy profiles, which improves the accuracy, adaptability, and reliability of the energy predictions.
We first present the Adaptive LINE-P model and evaluate its basic performance. Thereafter, we compare its performance against that of Pro-Energy, Pro-Energy-VLT, IPro-Energy, and UD-WCMA. We used four datasets of traces of harvested energy. These datasets are from trusted sources, and taken from different locations of the USA and Europe. Furthermore, three datasets for solar energy, i.e., Southern California Edison Company (SCE, Rosemead, CA, USA), Pacific Gas and Electric Company (PG&E, San Francisco, CA, USA), and San Diego Gas & Electric Company (SDG&E, Santiago, CA, USA) [16] are used; we also selected one dataset for wind energy from Elia (Belgium-based power generation company, Brussels, Belgium) [17] .
Sampling Operators
Let us suppose that a function f is defined for every point of some domain D and has series representation there in the form:
in which {t k } is a collection of points of D and {s k } is some set of suitable expansion functions. Such an expansion is called a sampling series. The function f is represented in its entirety in terms of its values, that is samples, at a discrete subset of its domain. For the uniformly continuous and bounded f ∈ C(R), the generalized sampling series are given by (t ∈ R; w > 0) as per Equation (22),
where s ∈ C(R) is a kernel function. If the kernel function used in the sampling series is the cardinal sine, defined in the form:
we get the classical (Whittaker-Kotel'nikov-) Shannon sampling operator,
Let us take w = 1 and t = j ∈ Z in Equation (22), then
Kernels
The general kernel for the sampling operators Equation (22) is expressed below.
Definition 1. ([18])
If s : R → C is a bounded function such that the absolute moment
with the absolute or positive convergence uniform on compact subsets of R, and we have a partition of unity
then s is called a kernel for sampling operators Equation (22) .
The conditions in Definition 1 guarantee that the series in Equation (22) converges for f ∈ C(R); moreover, we have uniform convergence
for any f ∈ C(R). We estimate the speed of the convergence of sampling operators in terms of the modulus of smoothness ω r (r ∈ N) (see [18] [19] [20] [21] [22] ) in the form
where M is a positive constant. If we have an estimate in terms of a high order of modulus of smoothness, then the sampling operator rapidly converges for smooth signals.
The main aim of this article is to use for signal prediction the generalized sampling operators Equation (22), where the kernel function s is defined through the Fourier transform of a certain window function:
is called a window function for a kernel of a sampling operator if λ(0) = 1 and λ(±2k) = 0 for k ∈ N.
Our kernel function is defined by the equality
A special case of the kernel function are M-bandlimited kernels, defined by Equation (27), using window functions λ(u) = 0 (|u| ≥ M > 0). We consider the case M = 1, i.e., with kernels defined using window functions λ
. If the window function is an even function, then we get an even kernel:
Generally, for some cases, non-symmetric kernels are more suitable. In such cases, we prefer the general window function λ ∈ C [−1,1] and define the kernel in the form
These sorts of kernels arise in conjunction with window functions widely use in applications (e.g., [23] [24] [25] [26] ), particularly in signal analysis. Many kernels can be defined by Equation (28), e.g.,
(1) λ(u) = 1 represents the sine function;
(2) λ j (u) := cos π j + 1 2 u, j = 0, 1, 2, . . . defines the Rogosinski-type kernel (see [20] ), in the form
Powers of the Hann window (see [25] , Equation (25));
give a general Hann kernel in the form
where Γ is the Euler gamma function.
If m = 1, we get the Hann kernel:
(3) The general cosine window
illustrates the Blackman-Harris kernel (see [20] ),
provided (here and following x is the largest integer less than or equal to x ∈ R):
We get the Hann window if we take n = 1 in Equation (35), and the Blackman window if n = 2 and a 0 = a in Equation (35). For n ∈ N there exists a choice of parameters that allows us to have the order of approximation of the corresponding sampling operators estimated by high (2n) order of modulus of smoothness ω 2n f ; 1 w x (cf. [20] ). Another possibility for the parameter vector a = a * in (35), where the parameter vector a * = a * 0 , a * 1 , . . . , a * n ∈ R n+1 has components a * 0 = 1 2 2n
2n n
. . , n, gives us by Equation (28) a family of rapidly decreasing kernels s H,2n = O(|t| 2n+1 ) (see [21] for corresponding operator norms and [22] for truncation errors). The general cosine window generates a linear combination of translated sine-functions; rather than the general cosine window, a window in the form Equation (38) can be used:
If we use Equation (29), we get a corresponding kernel in the form of Equation (40):
which fulfills the properties of a kernel in terms of Definition 1, because the condition in Equation (39) guarantees that we have Equation (26) and that m 0 (s E,a ) is bounded. Let us take w = 1 and t = j ∈ Z in Equation (22), then for kernel s E,a we get
Comment on Approximation Error Estimates
The reader can refer to this section in [5] for a short discussion of approximation error estimates. Note, for the case at hand: if we have for some r (r ∈ N), an estimate of speed of convergence in terms of modulus of smoothness ω r , then the sampling series representation is exact for polynomials with a maximal power less than or equal to (r + 1).
Adaptive Predictors
We need adaptive predictors because the energy profiles can have different properties, i.e., with different smoothness, variation, etc. For different types of profiles we need different kernels for the sampling operators. In the current approach, we use the following kernels: -For smooth profiles, kernels allow approximation order, estimates through high order of modulus of smoothness. -For unstable profiles, the kernel provides a sampling operator with minimal (close to 1) norm.
Note: The trivial error estimate signal for additive noise is in the form ||S w ||·||v||, where ||S w || is the operator norm and ||v || is the norm of the noise component, i.e., if the operator norm is equal to 4, then in the worst case, we have 4-fold amplification of the noise in the predicted energy profile.
We deal with other profiles with a kernel that provides a sampling operator with good approximation properties and a small norm.
In order to choose the predictor kernel, we use l 1 norms of the prediction errors of previous estimates.
l 1 Norm
Now, we propose a method for adaptive prediction. We use the l 1 norms of the prediction errors. Moverover, we choose some r (r ∈ N) kernels s i (i = 1, 2, . . . , r) that generate sampling operators with different properties (approximation order, norm, etc.) and compute the predicted values using it.
For predicting the k-th element, we choose the kernel for which the l 1 norm of the prediction errors for some one-sided neighborhood of the k-th element of the profile is minimal. We compute for the k-th element norms ||E i (k)||1 of errors in the following form:
where f (k) is the measured energy in slot k and f p,i (k) is the predicted energy for slot k using the kernels s i .
For particular realization of the adaptive predictor, to cover different types of profiles, we choose three kernels with different approximation properties. We have corresponding sampling operators, a first one with minimal norm, a second one with a high order of approximation, and a third one with good approximation properties and a small norm.
Compressed Profiles
In this section, we suggest a method for compressing profile data to address the memory size limitation of WSN nodes. This is expressed as
For reconstruction, we use an interpolating kernel S, i.e., a kernel defined using a window function that satisfies the equality
The reconstruction formula is as follows:
For efficient realizations we need to choose a reconstruction kernel, which allows us to compute a good enough reconstruction with a minimal number of operations; for the compression part the kernel may be more complicated, because we need to compress the profile only once a day.
For a particular realization of the compression algorithm, we take α = 4 and for both the kernel s and S, we choose the Hann kernel (Equation (34)), which adds for reconstruction only three multiplications for every day in one prediction step.
In what follows, we check the accuracy of Adaptive LINE-P (all cases). Thereafter, we can determine which of the cases is predicted best in terms of numerical value and suitable for further comparison with the state of the art.
Accuracy Evaluation of the Adaptive LINE-P (All Cases) Based on the MAE and MSE
In this section we seek to find which of the three cases of Adaptive LINE-P model provides the most accuracy, robustness, lower errors, and adaptability in case of frequent changes in the energy source. In order to quantify the error in each case of Adaptive LINE-P, we consider two source energy profiles (solar and wind) and conduct various evaluations by means of MAE and MSE measures.
We have conducted two tests based on the two sources, namely, solar (SDG&E energy profile) and wind (Elia energy profile). Tables 2 and 3 show the MAE and MSE for Adaptive LINE-P (all cases) for SDG&E energy profile for six individual days, as well as the average. Similarly, Tables 4 and 5 show the MAE and MSE for Adaptive LINE-P (all cases) for Elia energy profile. Tables 2-5 illustrate that, among all cases of Adaptive LINE-P model, Case III yields more accurate estimates as compared to Case I and Case II (error down by between −1% and −44%). Given this, Adaptive LINE-P model (Case III) has been selected for further comparison with the state of the art, as presented in the next section.
Comparative Analysis of Adaptive LINE-P (Case III, Non-Compressed Profiles) with the State of the Art
In this section, we assess the performance of Adaptive LINE-P (Case III) against that of UD-WCMA (the only other adaptive energy prediction model available in the literature) and against that of LINE-P (Case III) and IPro-energy (deemed the best two non-adaptive energy prediction models). Note that although we refer to LINE-P (Case III) and IPro-energy as non-adaptive, they are able to model energy variations, but they do not include specific adaptation mechanisms as in Adaptive LINE-P and UD-WCMA.
The comparison is based on short, medium, and longer time period horizons. The classification of the time periods and their graphical representations are extracted from the real datasets available in [16, 17] . For the longer time period, we consider 30 time slots; for the medium and shorter time periods we used 61 and 96 time slots in 42-, 22-, and 15-min data intervals in 24 h, respectively.
As far as the longer time period is concerned, by deploying real implementation of energy prediction, we have found that a longer time period such as a 1-h data interval is not sufficiently adaptive and feasible, specifically for those regions where the weather changes frequently. Therefore, we have reduced the data interval time from 60 to 42 min and conducted experiments based on 42-, 22-, and 15-min time periods.
In addition, we present the evaluation of the model based on the same two error measures as in Section 2, i.e., MSA and MSE; thereafter, we assess their time complexities and finally the analysis of the proposed compression technique.
Graphical Representation of Adaptive LINE-P (Case III) as Compared to the State of the Art Based on Longer, Medium, and Shorter Time Period Horizons
For the assessment of all the prediction models, we present the estimation errors in Tables 6 and 7 by using MAE and MSE with the same profile PG&E available in [16] . Tables 6 and 7 illustrate that adaptive LINE-P (Case III) yield less error comparatively to the other prediction models, except LINE-P (Case III), although the error difference between adaptive LINE-P and non-adaptive LINE-P is negligible. Actually, the estimation error is also dependent on the profile; in another profile, we have found higher error in non-adaptive LINE-P (Case III) than adaptive LINE-P.
To obtain the results shown in Figure 2 , we have used a PG&E profile [16] for the solar energy to assess the adaptive LINE-P (Case III) and the state-of-the-art models based on longer (30 time slots) time period horizon. Figure 2 shows that the profile corresponds to highly consistent weather; all together, all days are nearly identical. However, some of the EP models are unable to predict the energy with full accuracy. For instance, UD-WCMA overestimates the energy on all six days. Even though for the first day it starts by underestimating, after the 40th time slot it estimated the real data well; after the 50th time slot it starts overestimating again. Therefore, this overestimation may indicate that UD-WCMA is not sufficiently adaptable, even for consistent profiles.
Similarly, IPRO-Energy starts by underestimating at all days (except for the first day), but as compared to UD-WCMA, IPRO-Energy is better at modeling energy variations. Although IPRO-Energy and LINE-P (Case III) provide adequate results, both are based on a fixed weighting parameter factor; thus, they are not well suited for various types of solar energy harvesters, as mentioned earlier in the paper. On the other hand, Adaptive LINE-P (Case III) is not dependent on any fixed weighting parameter; it performs predictions on the adaptive weighting factor based on the profiles. Furthermore, we observe in Figure 2 (for all days) that the adaptive LINE-P (Case III) is highly accurate. Thus, for this energy profile, Adaptive LINE-P provides both accuracy and adaptability.
In the following, we evaluate the performance of Adaptive LINE (Case III) along with the state of the art based on the medium (61 time slots) time period horizon of the solar energy profile SCE [16] .
For further assessment of all the prediction models, we present the estimation errors in Tables 8 and 9 by using MAE and MSE with the same profile SCE available in [16] . In relation to Tables 8 and 9 , it is shown that adaptive LINE-P (Case III) has less error possibility as compared to the other prediction models. Figure 3 shows the results for fairly consistent profiles, to see the behavior and adaptability of the prediction models based on the medium (61 time slots) time period horizon. The graphical representation shows that most of the models are estimating up to the mark only in the first day. It can be seen that in all other days, LINE-P (Case III) starts overestimating. UD-WCMA also starts overestimating in all days, especially on the 12th and 13th of December from the 45th to the 60th time slots, and 20th to 50th time slots. UD-WCMA yields the worst results comparative to the other prediction models. Furthermore, on 11th December, the IPro-Energy model is off the chart from the fifth to the 10th time slots. Although gradually its estimation is approaching the real data, it then starts underestimating from the 40th until the 53rd time slots. On the contrary, Adaptive LINE-P (Case III) seems much better and most of the time yields estimates close to the real data.
In addition, we have assessed Adaptive LINE-P (Case III) comparative to the state of the art based on the graphical representation and classical error-calculating methods (MSA and MSE), as presented in what follows. Figure 4 shows the comparison of Adaptive LINE-P (Case III) and the state of the art for the SDG&E solar energy profile. This profile exhibits very low power production throughout the figure. In addition, this profile is for cloudy days with lots of variation. This kind of profile is a real challenge for the prediction models; indeed, too much fluctuation and extremely sharp variation-based weather is difficult to predict accurately and requires continuous adaptation. As can be observed, most of the models, especially from the second to the fourth days, are overestimating. Moreover, UD-WCMA shows poor prediction for all the days. Furthermore, due to rapid changes in the profile, IPRO-Energy underestimates on the 30th and 31st of October, but once the profile becomes smooth IPRO-Energy predicts well until the end of profile, especially in the last two days. LINE-P (Case III) and Adaptive LINE-P (Case III) overestimate from the 30th to 40th time slots in all days. Thereafter, it can be observed that Adaptive LINE-P (Case III) also shows robustness and predicts accurately as compared to LINE-P (Case III) and the state of the art. For further assessment of all the prediction models, we also present the estimation errors in Tables 10 and 11 by using MAE and MSE with the same profile SDG&E available in [16] . For this kind of energy profile, we found that in terms of MAE, Adaptive LINE-P (Case III) yields less errors than IPRO Energy and UD WCMA (between ca. −5% and ca. −34%), and is almost identical to LINE-P (Case III) (+0.5%). In terms of MSE, Adaptive LINE-P (Case III) yields lower error as compared to all other energy prediction models (between −5.5% and ca. −59%). In addition, Adaptive LINE-P (Case III) model is highly adaptive, as can be observed in Figure 4 . However, LINE-P and IPRO-Energy also show good estimations, but they still suffer from the fixed weighting parameter issue, which was discussed earlier.
Results for Wind Energy
In what follows, we compare Adaptive LINE (Case III) with the state of the art based on the shorter (96 time slots in 24 h) time period horizon for the wind energy profile Elia available in [11] .
As shown in Figure 5 , it can be observed that LINE-P (Case III) initially overestimates and then approaches the real data. Similar to the solar energy case, UD-WCMA predictions are rather far from the real data. Most of the time, it can be seen that it starts with an overestimation if the real data increases; on the other hand, if the real data decreases, then its behavior changes completely and underestimates, especially in the last two days in Figure 4 . IPRO-Energy is also not yielding very good estimates. It is clearly visible in Figure 4 that both UD-WCMA and IPRO-Energy are not suitable for uncontrollable energy sources on the shorter time period horizon. On the other hand, Adaptive LINE-P (Case III) shows robustness, adaptability, suitability for variable-length time slots, and accuracy. If the profiles are changing frequently, then UD-WCMA and IPRO-Energy are not as accurate as Adaptive LINE-P (Case III). In addition, the Adaptive LINE-P (Case III) model is highly adaptable, as can be observed in Figure 5 .
In the following section, we compute the accuracy of the adaptive LINE-P (Case III) by means of the MAE and MSE for the wind energy profile. 
Accuracy Assessment of the Energy Prediction Models Based on the MAE and MSE for Solar and Wind Energy Profiles
In this section, we examine the models based on the multiple (solar and wind) energy profiles. In order to calculate the error possibility in Adaptive LINE-P (Case III) and the other energy prediction models, we consider the PG&E solar energy profile available in [16] . Tables 12 and 13 illustrate that the results provided by Adaptive LINE-P (Case III) have less errors as compared to the other prediction models (down by up to −82%), with the exception of LINE-P (Case III) (+50%) in terms of MSE (Table 13 ). Next, we deal with Elia wind energy profile [17] to see the possible errors in Adaptive LINE-P (Case III) as compared to the state of the art.
Similarly, Tables 14 and 15 show that the proposed Adaptive LINE-P (CASE III) performs better than the other energy prediction models (error down by up to ca. −78% in terms of MAE and MSE). In the above section, we have compared the energy prediction models with two different sources, namely solar and wind data profiles; apart from a minor exception, the results show that Adaptive LINE-P (Case III) provides the best results as compared to the other energy prediction models.
In the next section, we evaluate the performance of the proposed compressed profile method as compared to the state of the art. 
Comparison of the Compressed Profile Method with the State of the Art Based on the Shorter Time Period Horizon
Here, we assess the compressed profile method in two steps. Firstly, in order to verify its accuracy and adaptability, we compare it with the real data (real profile), see Figures 6 and 7. Secondly, we incorporate the method with the two adaptive energy prediction models (Adaptive LINE-P and UD-WCMA) for further assessment against their non-compressed versions, as well as against the real data.
In all experiments, we use the shorter (96 time slots) time period horizon in 24 h. We check the accuracy of the compressed profile method against the graphical representation and a MAE and MSE as well.
Graphical Representation of the Compressed Profile Method and Its Error Estimation as Compared to the Real Data (a Real Dataset) Based on the Solar Energy Profile
In Figure 6 , the energy profile reflects consistent weather; however, there are certain variations in each day. In this figure, the accuracy remains at a high level, though some lack in adaptability against the sharp variation is visible on all days (except on the third day). For further analysis of the proposed compressed profile method, we incorporate it into UD-WCMA and adaptive LINE-P (Case III) models to validate its accuracy when used with those models. In addition, we have used the same energy profile [17] to compare the error estimation with the non-compressed UD-WCMA and adaptive LINE-P (Case III) as well. The results for the solar energy profile are presented in Section 5.2 and those for the wind energy profile in Section 5.3. Tables 16 and 17 illustrate the error estimation with and without the proposed profile compression method in terms of MAE and MSE for the solar energy profile. It can be observed that incorporating the compressed profile method increases the MAE for UD-WCMA and Adaptive LINE-P (CASE III) by ca. +3.14% and +4.7%, respectively. Interestingly, it can also be seen that incorporating the compressed profile method increases the MSE by ca. +1.4% for UD-WCMA and decreases it by ca. −26% for Adaptive LINE-P. As seen earlier in the paper, the compressed profile method reduces the memory requirements by a factor of 2, thus offering a good trade-off between accuracy and memory requirements. In the following, we further evaluate the compressed profile method with the graphical representation as well as with MAE and MSE based on the wind energy profile.
Error Estimation with and without Compression Method in UD-WCMA and Adaptive LINE-P (Case III) for the Wind Energy Profile
Here, we use the wind energy profile to evaluate the performance of the compressed profile method as compared to the real data in terms of the graphical view. Figure 8 exhibits extremely inconsistent weather; moreover, the last three days show low power productivity. As can been observed in the figure, the compressed profile method shows stability (smoothness) rather than adaptability, especially on 14th and 15th January, due to sharp variation; however, approaching the profile's end, we see the robustness of the compressed profile method. In the following, we present the prediction error of the compressed profile method in terms of MAE and MSE for the wind energy profile.
Graphical Representation of the Prediction Model with and without the Compressed Profile Method for the Wind Energy Profile
In the following, we calculate the error estimation in terms of MAE and MSE for the wind energy profile.
In Figure 9 we observed that the proposed compressed profile method integrated with Adaptive LINE-P (Case-III) and UD-WCMA shows stability and accuracy similar to the non-compressed Adaptive LINE-P (Case-III) and UD-WCMA; however, we calculated minor error in the compressed method as compared to the non-compressed method. Figure 9 . Graphical representation of energy prediction models with and without the compressed profile method based on the short time period horizon of the wind energy profile (Elia).
As can be observed in Tables 18 and 19, the MAE and MSE values are of the same order of  magnitude as for the solar energy profile (Tables 16 and 17) . Next, for further evaluation, we apply the same profile we used above for the compressed profile method into the UD-WCMA and Adaptive Line-P (CASE III) energy prediction models and then compare their results without adding the compression feature. In addition, Tables 18 and 19 illustrate the error estimation with and without the proposed profile compression method in terms of MAE and MSE for the wind energy profile. In Table 18 , it can be observed that incorporating the compressed profile method increases the MAE for UD-WCMA by ca. +0.52% but decreases it for Adaptive LINE-P (CASE III) by ca. −6.3%.
In Table 19 , it can be seen that incorporating the compressed profile method increases the MAE for UD-WCMA by +1.5% but decreases it for Adaptive LINE-P (CASE III) by ca. −7.93%. As seen earlier in the paper, the compressed profile method reduces the memory requirements by a factor of 2. In line with the results shown for the solar energy profile (Tables 16 and 17) , the results for the wind energy profile show that that the proposed compressed profile method offers a good trade-off between accuracy and memory requirements.
Conclusions
We have presented Adaptive LINE-P (three cases-based) prediction model for multi-source (solar and wind) energy sources. The proposed model is independent of the fixed length time slot and fixed weighting parameter. We have conducted experiments with three time period horizons (shorter, medium, and longer) with different time slots. Adaptive LINE-P model chooses the weighting parameter based on the actual energy profile. We have conducted numerous experiments with real datasets, and for the error evaluation we have used the MAE and MSE error calculating method. The results show that Adaptive LINE-P, especially (Case III), is 90-94% accurate (depending on the weather). In addition, our prediction model is highly adaptable against sharp variations as compared to other adaptive and non-adaptive prediction models. Most of the time, the proposed Adaptive LINE-P model yields estimates with less errors, except in a few cases, depending on the energy profile. Nevertheless, this is a small (and relatively rare) price to pay as compared to the general gains offered by the adaptive feature of the model. Moreover, we proposed a compressed profile method that can easily be incorporated into any prediction model; this method allows us to reduce the memory requirements by 50% and provides 90% accuracy.
In the future, we plan to work on the data prediction concept, which is also one of promising solution for saving energy. This concept can be applied to cases where the data are identical for longer time periods, for instance temperature and humidity, specifically in the domain of WSNs.
